The driving tendency of drivers is one of the most important factors in lane-changing maneuvers. However, the heterogeneity of the characteristics of drivers' lane-changing behaviors has not been adequately considered. The primary objective of the present study is to explore the risk level of the lane-changing implementation process under different driving tendencies upon approaching signalized intersections in an urban area. This paper defines the Integrated Conflict Risk Index (ICRI), which takes into account the probability and severity of risk. Using the index as the dependent variable, the risk prediction model of implementing the lanechange process is established. A series of experiments, which included a questionnaire, a number of tests, and on-road experiments, was conducted to identify the driving tendencies of the participants. A combination of video recording and instrumented vehicles was used to collect lane-changing trajectory data of different driving tendencies. The parameters of the model were calibrated, and the results indicate that driving tendency has a significant effect on the risk level of lane-changing execution. More specifically, the more aggressive the driving tendency, the higher the risk level. The quantitative results of the study can provide the basis for conflict risk assessment in the existing lane-changing models.
Introduction
The design and assessment of traffic safety management are difficult in real transportation because of the cost and risks of collecting trajectory data. Therefore, microscopic traffic simulation models are powerful tools extensively used to evaluate traffic safety management policies and to assess their effects. The effectiveness of the results depends on the accuracy of the models. In microscopic traffic simulation models, car following and lane changing are two fundamental components. Compared to car following models, in which vehicles are in the same lane and the driver behavior is only influenced by the lead vehicle, the lane-changing process involves a high level of interaction between the vehicles and is more complex [1] [2] [3] . As a result of the importance of the role of microscopic traffic simulation models, how to improve the accuracy of the lane-changing model has attracted wide attention among scholars over the past decades. A large amount of work has been conducted to collect trajectory data [4] [5] [6] [7] [8] [9] and formulate models of lane changing [10] .
Despite the large number of lane-changing models that has been published, many previous studies have focused on freeways [11] in order to analyze the impact on traffic capacity and traffic safety. Other researchers have been interested in lane-changing behaviors at freeway on-ramp merging areas, where the maneuver is mandatory. Limited research has been reported regarding lane-changing behaviors along arterial streets, where drivers may change lanes more frequently. Only a few researchers have studied lane-changing maneuvers on urban streets [12] , and even these models, according to their research reports, do not involve the impacts of driver characteristics because of the scarcity of reliable data [13] . Driver characteristics and reliable vehicle trajectory data are the two most important factors in lane-changing models [14, 15] . Driver characteristics include driving tendency and driving skill level. Vehicle trajectory data include the position, speed, and acceleration of the subject vehicle and the vehicles ahead of and behind the subject vehicle in the current lane, as well as in the adjacent lanes. Currently, there are two methods for data collection for the lane-changing process [9] : video recording and instrumented vehicles. Video recording can record any lane-changing model parameters and requires detailed trajectory data, which can help to analyze the relationship between the subject vehicle and surrounding vehicles. However, this method is limited in terms of location and length of road. In addition, it is difficult to extract driver characteristic information. The instrumented vehicle method can record driver characteristic information, and, compared to video recording, can improve the precision of vehicle trajectory data. Unfortunately, it is too difficult to extract the trajectory data of surrounding vehicles.
Apart from the lack of research on lane-changing maneuvers on urban streets, the models for these maneuvers do not consider driver characteristics and the scarcity of reliable data. Another downside of existing models is that they ignore the process of executing lane-changing maneuvers and only deal with the decision-making process [13] . They simply assume a straight line from the starting point of the current lane to the ending point of the target lane for a fixed lanechanging duration. This assumption is far from realistic lane-changing behavior. In real life situations, traffic flow characteristics are highly affected by the execution process of a lane-changing maneuver. To improve the microscopic traffic simulation results, the execution process of a lanechanging maneuver must be considered.
The primary objective of the present study is to explore the risk level of the lane-changing implementation process under different driving tendencies upon approaching signalized intersections in an urban area. In order to achieve this objective, we need four steps: (1) to establish an integrated index for evaluation of conflict risk; (2) to identify the driving tendency of the participants; (3) to extract the driving trajectory data of participants with different driving tendencies; (4) to propose a traffic conflict risk prediction model to predict the security risk of lane-changing. The results of the study can provide the basis for conflict risk in the existing lanechanging models and thus improve the accuracy of these models.
The methodology for establishing a risk prediction model is presented in the next section. The questionnaire survey, test, and experiment design for data collection are presented in Section 3, followed by data processing and results of data analysis. The final section summarizes the finding and conclusions of the paper.
Methodology

Time-to-Collision (TTC)
Calculation. TTC is defined as the time required for two vehicles to collide if they continue at their present speed and along the same path [19] . In the case of rear-end collision, Minderhoud and Bovy [20] calculate TTC as
where ( ) and ( ) are the position and velocity of vehicle (the following vehicle) at , respectively; −1 ( ) and −1 ( ) are the position and velocity of vehicle − 1 (the lead vehicle) at , respectively; and −1 is the length of the lead vehicle.
In the event of a lane-change conflict, when the lanechange vehicle is changing its lane, if there is another following vehicle along the original lane, there is a trajectory cross-point between the two vehicles. When the two vehicles are fast approaching, if one does not take measures, a collision will likely occur. The lane-changing conflict process is shown in Figure 1 .
In situation (a), the lane-change vehicle is recorded as A, and the following vehicle is recorded as B.
, , are the body length, velocity, and distance from trajectory cross-point of vehicle A, respectively, while , , are the corresponding data for vehicle B. We use 0 to denote the moment of the avoidance behavior generation. Then, the travel time from the 0 site to the trajectory cross-point, for vehicle A, is denoted as = / ; for vehicle B, it is denoted as = / . For situation (b) and situation (c), the lane-change conflict TTC calculation method is shown in (2) and (3) .
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Minderhoud and Bovy [20] conclude that different values are used for critical TTCs in different studies. For urban areas, Van der Horst [21] thought that a TTC of less 2.5 seconds is a critical value. However, Archer [22] takes into account that this critical value should be less than 1.5 seconds. Tageldin et al. [23] considered only traffic events with an associated minimum TTC of fewer than four seconds for evaluation.
Various critical values of TTC can, therefore, be argued for. If these are translated into the minimum TTC value of conflicts, we arrive at five different conflict levels, as shown in Table 1 .
Deceleration Rate to Avoid the Crash (DRAC) Calculation.
DRAC is defined as the required deceleration rate to avoid a collision if the offending vehicle continues with the same speed and trajectory [24] . For vehicles traveling in the same direction, DRAC can be expressed as
where is time interval; is the following vehicle and − 1 is the lead vehicle; is vehicle length; and is velocity. In the case of lane-change conflict, estimations of DRAC are obtained by
where , is the distance between the projected point of collision and vehicle on the main stream. During the lanechange conflict process, if TTC = , then is vehicle A; if TTC = , then is vehicle B. The use of DRAC allows a more intuitive (but not less arbitrary) classification of traffic conflicts [24] . Hydén [18] has suggested an alternative classification for conflicts using DRAC that is based on the expected driver reaction in order to achieve the required deceleration. The severity levels proposed are presented in Table 2 .
Integrated Conflict Risk Indexes (ICRI)
Calculation. At present, the conflict risk index can be divided into time indicators and an energy index. The time index reflects the risk probability of the traffic events (e.g., TTC), while the energy index reflects the severity of the traffic events (e.g., DRAC). Although TTC and DRAC are different types of conflict risk indexes, there is an inherent link between them. This inherent link is shown in (6), which is from (4).
From Table 2 and the relationship between TTC and DRAC in (6), we can assign a corresponding risk coefficient to each risk level, as shown in Table 3 . Because the risk level is not linear with the conflict risk index, that is, the higher the risk level, the more sensitive it is to change in the conflict risk index, we introduced the concept of odds to express the relationship between them. The risk 4 Discrete Dynamics in Nature and Society coefficient is similar to the probability, expressed with , so = /1 − is the correspondence between risk level and conflict risk index, as shown in Table 4 .
Referring to the literature [25] that uses the probability and impact as two independent variables to construct twodimensional rectangular coordinate system for analyzing the opportunity and threat, the Integrated Conflict Risk Index (ICRI) can be obtained by the form of Euclidean distance formula similarly. The ICRI is calculated in
where ICRI is Integrated Conflict Risk Index; TTC( ) is the risk index of TTC at risk level , = 0, 1, 2, 3, 4; DRAC( ) is the risk index of DRAC at risk level , = 0, 1, 2, 3, 4. According to Table 4 and (7), the Integrated Conflict Risk Indices matrix is constructed by TTC and DRAC, as shown in Figure 5 .
We divide the risk level into four levels: zero risk (blue), low risk (green), medium risk (yellow), and high risk (red) according to the ICRI in the matrix.
Model Prototype.
Lane changing is one of the main causes of traffic flow oscillation and traffic accidents. In order to study the accident mechanism caused by lane change, it is necessary to study the relationship between the risk level of lane changing and its influencing factors.
Multinomial logistic regression is a theoretical method to study the relationship between the categorical dependent variable and multiple independent variables. For a total of levels of the dependent variable, the logistic regression model at the level is shown in
where is the explanatory variable; is the number of explanatory variables; and 0 and are the regression intercept and regression coefficients, respectively. From (8) , the probability that a vehicle is at risk level when the vehicle executed the lane-changing maneuver is deduced as
where = 1, 2, 3, 4 corresponding to zero risk, low risk, medium risk, and high risk, respectively; is the probability that the lane-changing vehicle is at risk level; 1 ∼ 6 are the distance between the lane-changing position and the stop line, the velocity, the distance between the lane-changing vehicle (target vehicle) and the rear vehicle in the target lane (lag vehicle), the lane-change duration, the driving tendency, and the lane-change type, at risk level, respectively.
Data Collection
Questionnaire and Test.
The advertisement for recruitment was posted at public locations including the Southeast University campus, Xinjiekou district transit transfer station, and some supermarkets. In addition, a web page was created (http://www.sojump.com/m/7355604.aspx?pwx=1) and people would access the website via mobile phone by using Discrete Dynamics in Nature and Society 5 W h e n w e r e y o u b o r n ? (3) How many years have you been driving (4) What's the level of your education? (5) Are you a professional driver? ( WeChat scanning QR code. Respondents could complete the questionnaire and submit answer sheets online. The sample of target drivers was selected considering several impact factors such as gender, age, driving experience, and educational background, and then a sample consisting of one hundred and thirteen participants was fixed for experimental purposes. It can be considered that the sample can reflect the distribution of the general population of drivers, and the analyzed data is representative. In order to classify driving tendencies, each participant needed to undergo a number of tests as well as fill out a questionnaire. As shown in Table 5 , the questionnaire has two parts: the first part concerns basic personal information about the participants, including gender, age, driving experience, and educational qualifications (the contribution of personal attribute of the participants is shown in Figure 2) ; the second part is about the driving characteristics of participants in different environmental conditions, including the level of subjective safety cognition, aggressiveness, and driving skills. We tested the reliability and validity of the second part of the questionnaire. For reliability, Cronbach's Alpha is 0.854; for validity, we calculated the Pearson correlation coefficient between the scores of each question and the total scores, and 90% of these questions and the total scores have a correlation at 0.01 and 0.05 significance levels. The questionnaire has good reliability and validity and can be used for investigation.
The tests are also divided into two parts: the first part is the static test (flash testing), including a response time test and a speed estimation test; the second part is the dynamic test (real vehicle testing), including a braking frequency test, a driving force frequency test, and a changing lane frequency test.
For the response time test, we designed a flash test. The test repeats ten times. Each time, one of the four direction (up, down, left, and right) arrows randomly appeared on the screen. When the participant saw the arrow, he/she had to press the corresponding arrow on the keyboard as soon as possible. Pressing any key would start the next test. Every time, the outcome (correct or incorrect) and the response time would be displayed on the screen. At the end, all the results were saved in a txt document.
For the speed estimation test, we also designed a flash test. The test repeats five times. When the test starts, a little ball appears on the left side of the screen and moves at uniform speed to the right side. On the right side of the screen, there is a black area in which there is a vertical red dotted line. When the little ball moves into the black area, it is not visible. The participant has to press any key when he/she estimates that the little ball has reached the vertical red dotted line based on the speed of the ball. The real time and the estimated time of the participant will show on the screen. Each time, the speed of the little ball and the location of the vertical red dotted line are random. At the end, all the results were saved in a txt document.
For the dynamic test, we used a car equipped with a driving recorder to collect data. The data collection route is about 1.8 km, in Nanjing Xuanwu District, and contains six signal lights. Two driving recorders were installed in the instrumented car, one on the front windscreen to record lanechanging times and the other with a LED light near the brake of the car to collect the times of braking and driving force. Each participant drove the instrumented car along the data collection route twice, and the driving time was recorded. After the test, the braking frequency, driving force frequency, and lane-changing frequency of each participant could be calculated.
The Experiment.
The questionnaire and tests described above were followed by the experiment, which lasted from January to the end of March 2016. The purpose of this experiment was to collect the trajectory data of different driving tendencies of participants while implementing lanechanging maneuvers when approaching an intersection. We chose two urban signalized intersections as the experimental observation points. For each point, one camera was set up on top of a roadside building to cover a studied approach. The first studied approach is a northbound approach along TaiPing North Avenue (≈220 m); the second studied approach is an eastbound approach along HeXi Avenue (≈280 m). For each studied approach, over 150 hours of recorded video data were used to capture lane-changing maneuvers.
We designed the experimental route to generate lanechanging behavior on the studied approach. If the instrumented car turns right/left at an intersection, the lanechanging behavior in the studied approach is objectivedriven lane changing, meaning that the driver must change lanes prior to turning at the next signal. If the instrumented car goes straight through the intersection, the lane-changing behavior in the studied approach is efficiency-driven lane changing, which is pursued for a better driving situation. Each participant drove our instrumented car along the experimental route until the instrumented car passed through each selected intersection approach nine times, being three times turning right, three times driving straight, and three times turning left. We put a sign on the roof of our instrumented car so that it was easy to distinguish from other vehicles in the video. As shown in Figure 3 , we recorded the experimental process at one of our studied approaches.
The video for each intersection approach was recorded from 8:00 a.m. to noon and 1:00 p.m. to 5:00 p.m. Each participant spent about two hours on this experiment, including the questionnaire and tests mentioned above. We ran the driving recorder and camera synchronously. An experimenter sat in the passenger seat of the instrumented car to record the time of lane changing so that we could easily find the instrumented car in the video and extract the trajectory data.
Data Processing
Driving Tendency Discrimination.
The statistical results of the questionnaire survey and tests are shown in Table 6 . The original data were normalized, and driving tendencies were clustered into three categories by -means, as shown in Tables 7 and 8 .
Twenty-three participants belong to the "aggressive" type, eighteen participants belong to the "conservative" type, and seventy-two participants belong to the "steady" type according to the algorithm of -means.
Trajectory Data Extraction.
In this section, the extraction method of trajectory data involves two steps. First, the Tracker Video Analysis and Modeling Tool was used to extract the coordinates of the vehicles in the video. Secondly, the imaging principle was used to match the coordinates in the video with the location in the real world.
Tracker [26] is a free video analysis and modeling tool built on the Open Source Physics (OSP) Java framework. It has manual and automated object tracking with position, velocity, and acceleration overlays and data. In this paper, Tracker was used for tracking and extracting the coordinates of the vehicles. First, we needed to put the video into Tracker and then build a reference frame. Track points were set up on the right corner of the front windscreen, and the sampling frequency was set to five frames per second. As shown in Figure 4 (a), Tracker can generate real-time coordinates and space-time diagrams of subject vehicles while putting out three columns of data-time ( ), coordinate, and coordinate-to record the coordinates of the subject vehicles.
The purpose of utilizing this imaging principle was to transfer the coordinates from two-dimensional video to their three-dimensional location in the real world. Velocity can be calculated by the direction and distance of the subject vehicle between contiguous data. Acceleration can be calculated by 8 Discrete Dynamics in Nature and Society the speed difference in sampling intervals. According to the imaging principle, there is a fixed matrix transformation between the object space coordinate system and image plane coordinates. The relationship is as follows:
where and are, respectively, the coordinate and coordinate of the target object in the image, and , , and are, respectively, the coordinate, coordinate, and coordinate (vertical coordinates) in the real world. In this paper, is considered a constant coefficient because of the negligible road slope grade. The equation above can, therefore, be simplified to
We established a coordinate system at the intersection approach by selecting four noncollinear points and measuring their actual coordinates. Then we had to get the image coordinates in the video from Tracker and put these eight sets of data into (11), so we could calibrate the eight constant coefficients. As depicted in Figure 4 (b), we selected eight feature points, where B, C, E, and G are the coordinate points and A, D, F, and H are the error-checking points.
A total of 686 trajectory data were extracted. The categorical variables were encoded, as shown in Figure 5 , and the continuous variables were counted, as shown in Table 9 . Tables 9 and 10 were substituted into (8) , and the model parameters were calibrated with zero risk level as a reference standard. The Model Fitting Information, Likelihood Ratio Tests, and Parameter Estimates are shown in Tables 11, 12 , and 13, respectively. Table 11 shows that the final results are significantly different from the model with only intercepts, indicating that the model has the ability to make accurate predictions. Cox and Snell, Nagelkerke, and McFadden are .551, .601, and .323, respectively, indicating that the model is well fitted.
Results of Data Analysis
Model Calibration. The variables in
Analysis of Results.
As can be seen from Table 12 , velocity, the distance from lag vehicle, and the driving tendency are significant at the < 0.05, indicating that these three factors for the risk level of lane-changing execution have a significant impact. On the contrary, the distance from stop line, lane-changing duration, and lane-changing type have no significant impact on the risk level of lane-changing execution. For the parameter variable of ≤ 0.05, it has not been removed; the purpose is to combine multiple independent variables nonparametric test analysis, so that the results can reflect the process of risk estimation model more directly and thereby improve its fit. Table 13 shows the relevant data for parameter estimation. The reference group of the categorical dependent variable is risk level 1 (zero risk level). For the categorical independent variables, the "steady" type and the "objective" type are the reference groups of the driving tendency variable and of the lane-changing type variable, respectively. The significant level (Sig.) represents the reliability of the independent variable parameter to the interpretation of the dependent variable. When ≤ 0.05, the level of the reliability of the independent variable parameter for the interpretation of the dependent variable is greater than or equal to 95%.
As shown in Table 13 , the distances from lag vehicle (the distance between the target vehicle and the lag vehicle) at risk level 2 (low risk level), risk level 3 (medium risk level), and risk level 4 (high risk level) are significantly different from Results relating to aggressive driving tendency are very similar to the case of the distances from lag vehicle. However, the difference between "steady" type and "conservative" type is not significant. The velocity at all risk levels except risk level 2 has a significant difference compared to that at the risk level 1. When it increased 1 m/s, the odds of the risk of collisions caused by the lane-changing at risk level 3 and risk level 4 increases by 0.197 and 0.159, respectively. The insignificance at risk level 2 means that the velocity is statistically insignificant for triggering low risk level which more depends on the distance from lag vehicle and whether the driver belongs to "aggressive" type.
It is noteworthy that, for the distance from stop line, the significance can appear at risk level 4 only. This also explains the intuitive feelings that in "objective" type lane-changing, the shorter the distance from stop line, the higher the risk of conflict during lane-changing execution.
Application Examples.
Assuming that the lane-changing maneuver is implemented at the rate of 18 m/s at 80 m from the stop line, the distance from the lag vehicle is 2 m, the lanechanging duration is four seconds, the tendency of the driver is aggressive, and the type of lane-changing is objectivedriven lane changing, the probability of the risk level of the vehicle during the lane change can be found.
According to (8) , the effect value under low risk, medium risk, and high risk during the implementation of lanechanging was respectively calculated by using the parameter calibration result of Table 13 . 
where 2 , 3 , 4 are the probability of low risk, medium risk, and high risk, respectively. The probability of risk level was respectively calculated by (9): It can be seen that, in this case, the probability of the vehicle being at zero risk, low risk, medium risk, and high risk is 0.001, 0.003, 0.278, and 0.718, respectively. If we changed the tendency of the driver from "aggressive" to "conservative," the corresponding value becomes 0.001, 0.020, 0.601, and 0.378, respectively. According to Two Independent Samples Test, it was found that driving tendency has a significant effect on the risk of collisions caused by the lane-changing. The result means that, compared with the existing lane-change model [14] , adding the factor of driving tendency will improve the accuracy of crash risk prediction model of lane-change.
Summary and Conclusions
A traffic conflict risk prediction model with a new index is developed in this study. The major significance of this study is summarized as follows. Firstly, the time-to-collision (TTC) value and deceleration rate to avoid the crash (DRAC) value were calculated based on the data extracted from the video and Tracker, respectively. The measurement accuracy of both these indices was significantly improved. Based on these two indices, an ICRI including risk probability and severity is proposed, and the safety status of vehicle operation can be evaluated by this index. Secondly, based on the results of a questionnaire survey and related tests, the K-mean clustering analysis method was used to classify the driving tendency of the participants, the trajectory data of different driving tendency were extracted, and the driving tendency was taken as an influential factor for the safety of the lane-changing. Finally, a traffic conflict risk prediction model is proposed to predict the security risk of lane-changing. As a result, a similar method can be applied to the approach of urban intersections or merging areas in the interchange.
Detailed data sets from experimental data, including questionnaire, response time test, speed estimation test, braking frequency test, driving force frequency test, and changing lane frequency test, and from field data, including the distance from stop line, the vehicle velocity, the distance from lag vehicle, lane-change duration, driving tendency, and lane-changing type, are adopted in the study. Some important findings are summarized in the following statements: 
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